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Abstract 
All the forming processes are more or less prone to the springback depending upon different material properties and 
process parameters. Bending processes are very widely used in the manufacturing of sheet metal products, particularly in 
automobile industry. It is a well known fact that when sheet metal is formed, it does not form the desired shape because of the 
springback. In the present paper the springback is predicted by using finite element analysis, for various die radii, sheet 
thicknesses, R/t ratios and strength coefficients, for two different materials. The simple neural network is used to map the 
springback obtained from finite element analysis. The results obtained by FE simulations compared with simple neural network 
are found in good agreement. 
© 2014 The Authors. Published by Elsevier Ltd. 
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1. Introduction 
Bending processes are very widely used in the manufacturing of sheet metal products, particularly in automobile 
industry. It is a well known fact that when sheet metal is formed, it does not form the desired shape because of the 
springback. The springback is due to the elastic stresses remaining in the bent up part, which try to relieve and in 
trying so there is a movement of the metal. This movement of the metal is called springback. 
Measuring the springback by experimental process is costly and time consuming. In the recent years finite 
element softwares are very widely used for the prediction of the springback. Also the springback is difficult to be 
calculated exactly by table checking and experience. The neural network helps to map the non linear relationship. So 
from the available data, the springback can be easily calculated exactly, by using neural network 
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Luc Papeleux et al. (2002) studied the influence of various parameters such as Blank Holder Force, friction, 
spatial integration, time integration scheme for U draw bending by using commercial code OPTRIS. M. Bakshi-
Joybari et al. (2008) studied the effect of significant parameters including sheet thickness, sheet anisotropy and 
punch tip radius on springback/spring-go in V die and U die bending process. Recep Kazan et al. (2009) investigated 
springback of wipe bending process based on results obtained from FEA and prediction model of springback was 
developed by neural network. Wenjuan Liu et al. (2007) investigated the springback of the typical U shape bending, 
by using neural network and genetic algorithm, based on production experiment. 
In the present paper the springback is predicted by using finite element analysis, for various die radii, sheet 
thicknesses, R/t ratios, strength coefficients and strain hardening exponents, for two different materials. The simple 
neural network is used to map the springback from the FEA obtained results. The results of the FE simulation and 
the neural network are compared. 
 
Nomenclature 
R Die radius   
t  Sheet thickness 
R/t Ratio of die radius to sheet thickness 
K Strength coefficient 
n Strain hardening exponent 
C Clearance 
2. Finite element simulation 
U bending process is simulated by using the Finite Element software Hyperform with radioss solver. Blank size 
is obtained in radioss one step. The die is modeled in the hyperform itself and the punch is extracted from the die. 
The FE simulations are run for various sheet thicknesses, die radii, R/t ratios, strength coefficients and strain 
hardening exponent, for two different materials namely IS513D and DP600-HDG. The material properties are listed 
in table 1. The results obtained for these simulations are listed in table 2. The various parameters used during FE 
simulation are listed below 
Punch velocity-5000mm/sec. 
Die radius-Varied as 2mm, 3mm for each material. 
Punch radius-2mm fixed.  
Sheet thickness-Varied as 0.8mm, 1mm and 1.5mm for each material. 
Blank Holder Force-1000N 
Coefficient of friction-0.125 
Clearance between die and punch-10% of thickness 
 
Table 1.Material properties 
Sr. No.             Material                        YS [MPa]                   UTS [MPa]                  K [MPa]                n 
   1                    IS513D                           322.0                          208.0                           559.84                0.21       
   2                    DP600-HDG                  418.8                          618.2                            929.03                0.13 
 
Table 2.Results obtained by FE simulations 
Material                          R             t              R/t                Springback using                 K                        n       
                                                                                                   FEA                                          
IS513D                           2            0.8           2.50                      0.895                          559.84                 0.21        
IS513D                           2            1.0           2.00                      1.090                          559.84                 0.21        
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IS513D                           2            1.5           1.33                      0.627                          559.84                 0.21        
IS513D                           3            0.8           3.75                      1.395                          559.84                 0.21        
IS513D                           3            1.0           3.00                      0.966                          559.84                 0.21        
IS513D                           3            1.5           2.00                      0.539                          559.84                 0.21        
DP600-HDG                  2            0.8           2.50                      2.026                          929.00                 0.13        
DP600-HDG                  2            1.0           2.00                      2.126                          929.00                 0.13        
DP600-HDG                  2            1.5           1.33                      0.993                          929.00                 0.13        
DP600-HDG                  3            0.8           3.75                      2.761                          929.00                 0.13        
DP600-HDG                  3            1.0           3.00                      2.358                          929.00                 0.13        
DP600-HDG                  3            1.5           2.00                      1.327                          929.00                 0.13        
3. Neural network 
Neural network is a network of neurons with input layer, hidden layers and the output layers. The figure 1 shows 
the simple feed forward network. The activity of the input units represents the raw information that is fed into the 
network. The activity of each hidden unit is determined by the activities of the input units and the weights on the 
connections between the input and the hidden units. The behaviour of the output units depends on the activity of the 
hidden units and the weights between the hidden and output units 
Calculating the springback from the table checking is very difficult. Neural network is used to map the non linear 
relationship between the various parameters, so the neural network can be used to map the springback from the 
charts.  
 
 
Fig. 1. Neural network with three hidden layers. 
3.1 Prediction model of springback: 
 In this study initially the FE simulations are run for various die radii, die thicknesses, for two different materials. 
The springback prediction model with three hidden layers as shown in figure 1 is developed by trial. The five 
parameters having influence on springback were used as input to neural network and springback angle was the 
output parameter.  The neural network is trained with the springback results obtained from FE simulations, listed in 
the table 2 and is used to predict the springback for different die radii and sheet thickness, as shown in the table 3. 4.  
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4. Results and discussion 
4.1 Effect of sheet thickness: 
To obtain the influence of sheet thickness on springback, the FE simulations were run for various sheet 
thicknesses of each material. The results obtained are listed in the table 2 and are plotted on graphs in figures 2 (a) 
and 2 (b).  
 
 
Fig.2. (a) Graph sheet thickness Vs springback for R=2; (b) Graph sheet thickness Vs springback for R=3 . 
4.2 Effect of R/t: 
 To study the influence of R/t, FE simulations were run with various die radii and sheet thicknesses. The results 
obtained are listed in the table 2 and are plotted on the graphs in the figures 3 (a) and 3 (b). 
 
 
 
 
 
 
 
 
 
 
 
Fig.3. (a) Graph sheet thickness Vs springback for R=2; (b) Graph sheet thickness Vs springback for R=3 . 
4.3 Effect of strength coefficient: 
 To investigate the effect of strength coefficient on springback, FE simulations for materials with different 
strength coefficients were run. The results obtained are listed in table 2 and are shown in figure 4 (a). 
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Fig.4. (a) Graph strain hardening Vs springback; (b) Graph strain hardening exponent Vs springback. 
4.4 Effect of strain hardening exponent:  
 To investigate the effect of strain hardening coefficient on springback, FE simulations for materials with 
different strain hardening coefficient were run. The results obtained are listed in table 2 and are plotted on graph as 
shown in figure 4 (b). 
 
4.5 Springback prediction by Neural Network: 
To predict the springback by Simple Neural Network, springback prediction model was developed by using 
different number of hidden layers and different nodes in each hidden layer by trial. The developed springback model 
was trained with the results obtained by running FE simulations and was used to predict the springback for sheet 
thickness 1.2 for different die radii and the FE simulations were run for the same thickness and die radii. The results 
obtained by neural network prediction model and FE simulations are compared in the table no. 3.   
 
Table 3: Comparison of Neural Network and FE simulation 
Material                     R       t         R/t          Springback using         K            n         Springback       % error 
                                                                              FEA                                                     by NN        
IS513D                       2       1.2      1.66               1.004                    559.84       0.21        1.0169              1.268 
IS513D                       3       1.2      2.50               0.632                    559.84       0.21        0.6694              5.587 
DP600-HDG              3       1.2      2.50               1.938                    929.00       0.13        1.9401              0.108 
 
5. Conclusion: 
 The following conclusions are made based on the obtained results- 
x Springback decreases with increases in thicknesses, for both the materials. 
x Springback is seen increasing with increase in R/t ratio for both die radii. 
x Springback increases with the increase of strength coefficient while with increase in strain hardening 
exponent springback decreases. 
x Springback predicted by neural network prediction model is found in good agreement with springback 
obtained by FE simulation.  
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